ABSTRACT Box-office fraud in China is an increasingly highlighted problem of the movie market in recent years. It misleads consumers and investors and will inevitably hurt the developing motion picture industry and shadow movie market in China. More accurate supervision and auditing should be carried out to regulate the market. Nonfinancial measurement (NFM) is an important auditing method for assessing fraud risk and helping to detect financial fraud. Computational intelligence-based techniques and publicly available nonfinancial data could be used in NFM to prioritize exceptions and improve audit efficiency. In this paper, an NFM method is proposed for fraud risk assessment of China's box office. Movie-related data were collected from different movie websites by a web crawler. An evidence theory-based fraud risk assessment framework was established for iterative aggregation of different evidence. A machine learning method, i.e., ordered logistic regression, was used to calculate the basic probability assignment for evidence theory. The risk factor was put forward as the measurement of fraud risk in the proposed method for exception prioritization. Real case studies were carried out to validate the proposed method. The results show that the proposed method is effective in assessing the fraud risk of the box office and prioritizing exceptional box offices.
I. INTRODUCTION
The movie market in China has been booming during the past decade. With the ballooning of the movie market, fraud has inevitably appeared. There are two types of fraudulent activities. One is conducted by cinemas. Some cinemas underreport their sales to avoid sharing box-office earnings with filmmakers and other parties. The other fraudulent activity, which is studied by this work, is conducted by film distributors. Some distributors have tried to inflate box-office figures to attract more audience members and investors. Furthermore, some listed film financing corporations can benefit from raising the stock price by manipulating the numbers of the box office. This type of scam will have a more negative effect on the immature movie market. Some actions have been carried out by the film authority to regulate the market and crack down on the fraud. For example, The Motion Picture Association of America (MPAA) has been allowed to hire an accounting firm to audit China's box-office data. However, some fraud risk assessment, there is little work on applying NFM to box-office fraud. There is a report on Baidu using big data to identify box-office fraud [5] . Nevertheless, there are some problems to be addressed before big data analysis can be widely used for China box-office fraud detection. First, big data of China's box office is controlled by several big companies. It is not available to common auditors or investors. Second, the fraud has mainly been confined to second-and third-tier cities and towns of China [6] . Online supervision systems have not covered all of the small cities and towns.
In this paper, we establish an evidence theory-based framework for box-office fraud risk assessment. Evidence theory is also called Dempster-Shafer theory [7] - [11] . It is considered to be a better framework than probability theory for modeling uncertainties in real-world problems with accumulation of evidence from independent knowledge sources [7] . Another advantage of evidence theory is that the purely positive or purely negative evidence can be applied in an analytical procedure [7] . Dempster-Shafer theory has been adopted in many works to establish the fraud risk assessment framework [8] - [11] . However, most existing work focuses on the fraud risk assessment of financial fraud of listed companies [9] . To the best of our knowledge, there is little work on applying evidence theory to fraud risk assessment of the box office. There are two problems to be addressed to apply evidence theory. First, the definition of basic probability assignment (BPA) remains a difficult problem in applying evidence theory to practical applications [12] . Second, because there are many combination rules of basic probability assignment, which one should be used in the fraud risk assessment of the box office [13] .
We propose a machine learning approach, i.e., ordered logistic regression, to build a regression model to calculate the value of BPA. Ordered logistic regression is a generalized linear model that can be used in the case of predicting ordinal variables, that is, the dependent variable has two or more values that have a sequential order [2] , [14] - [17] . Ordered logistic regression has been used in financial fraud risk assessment [2] , but it is not suitable for aggregation of evidence from different independent sources because it needs the raw data to train the regression model. The raw data are NOT necessarily available at the stage of aggregating evidence from different sources. Thus, we just use the ordered logistic regression to calculate the value of BPA for the proposed evidence theory model. Independent variables have to be chosen for the regression model if we want to apply the ordered logistic regression model in box-office fraud risk assessment. We coded a web crawler using Python and used it to collect the movie data from several movie-related websites. Some of these websites are Web 2.0 sites for which the content is generated by users in part. We used the movies' correlated features as the independent variables in the regression model.
A fraud risk scoring model is put forward in this paper for fraud risk assessment. The traditional fraud risk scoring model is based on the ''fraud triangle'' and manual analytical procedures on financial materials [7] , [8] , [18] - [20] . Since the goal of this paper is to use computational intelligence as an auxiliary method to prioritize the exceptions in the box office automatically, a smarter and simpler model is proposed. According to the fraud risk scores, the exceptions in the box office can be prioritized effectively.
As for the computational intelligence, it has proved that the techniques of machine learning and artificial intelligence could be adopted in many fields to help people solve complex problems, such as the automatic driving, precision medical care, and industrial robots etc [21] . Recent work showed that the computational intelligence could be used in the critical position of applications with adequate accuracy and efficiency, such as the smart healthcare systems [22] , [23] . Thus the ''smart methods'' are desirable to conventional auditing work as what is happening in other industry and business domains.
This paper is organized as follows. In section II, the box-office fraud risk assessment framework is proposed. In section III, the basic concepts of the Dempster-Shafer evidence theory model and the evidence combination rule used in this work are presented. In section IV, the contents of case studies are presented. The ordered logistic regression models for the fraud risk assessment and fraud risk factors are also presented. The results of cases studies are then elaborated. We draw conclusions in the last section.
II. BOX-OFFICE FRAUD RISK ASSESSMENT FRAMEWORK
The box-office fraud risk assessment framework is illustrated in Fig 1. The fraud risk assessment is an iterative procedure. At first, the original evidence from different sources should be analyzed independently. The analysis results should be combined using the combination rule of evidence theory and saved in the database. The results should be retrieved from the database if there is new evidence coming from the other sources. New results obtained from new evidence should be combined with the original results by using the combination rule again. The analysis of evidence can be carried out by human experts or automatically via machine learning. In summary, there are three features in this framework: 1) the evidence from different sources can be analyzed independently; 2) analytical results of independent evidence can be combined together, and only the results need to be stored in the database; and 3) the combination is an iterative procedure.
III. DEMPSTER-SHAFER EVIDENCE THEORY MODEL
Let = {θ 1 , θ 2 , . . . , θ N } be a finite set of possible hypotheses. It is called the frame of discernment. In this paper, this set includes the hypotheses on the ranks of the box-office takes of movies in each year. The figure of the box office will inevitably be influenced by economic and culture factors. However, the impacts of the economic and culture factors on the ranks of movies in each year are expected to be small because it is reasonable to assume that the impact on the revenue of each movie is almost equal in the same year. The basic probability assignment (BPA) [7] - [9] is called the mass function in some literatures, which is a mapping function that assigns a value between 0 and 1 to subset A of . Definition 1: A mass function m satisfies:
Definition 2: A belief function [7] is defined as:
Definition 3: A plausibility function [7] is defined as:
The belief and plausibility functions can be treated as the lower and upper bounds of probabilities, respectively.
A. COMBINATION OF EVIDENCE
There are several combination rules in evidence theory. The original rule, known as the Dempster rule, is intractable due to its high computational complexity [12] , [13] . The other deficiency of the Dempster rule is that it does not reflect the different reliabilities of different sources of evidence. Hence, we have adopted the mixing or averaging combination rule [13] .
Definition 4: The mixing (averaging) combination rule is:
where w i is the weight of the i-th piece of evidence and m i is the mass function associated with the i-th piece of evidence.
Suppose there are n pieces of evidence, which have already been combined. If new evidence arrives, the following updating strategy [24] is used to update the combination result.
where
is the combinational basic probability assignment of the first n pieces of evidence associated with hypothesis A in the database and m n+1 (A) is the basic probability assignment of the new evidence.
The BPA can be provided by experts with domain knowledge or be obtained from the knowledge base established using machine learning.
In the following section, a case study is presented to elaborate how evidence theory in conjunction with machine learning can be used as exception prioritization for the fraud risk assessment of China's box office.
IV. CASE STUDY
To assess the fraud risk of China's box office, we have to first obtain the mass function. As aforementioned, we use the ranks of box-office takes as the hypotheses in the assessment. Hence, the BPA refers to the likelihood of ranks of boxoffice takes in this context. The BPA can be given by the domain experts of the motion picture industry or calculated by the data analysis methods. We use ordered logistic regression [14] - [17] to calculate the value of the mass function since we do not have expert knowledge.
A. ORDERED LOGISTIC REGRESSION
The ordered logistic regression model is a nonlinear model that can be applied in cases where the dependent variable has more than two categories and the values of each category have a meaningful sequential order. In this context, the value of dependent variables can be set naturally according to the real ranks of movies in each year. The ordinal regression model is shown in the following equation [14] , [15] , [17] :
where: prob (event) = cumulative probability of a certain event taking place;
The event in this context refers to the box office of a movie being ranked at the kth tier in a certain year. Historical data were used to estimate the coefficients. Then, these coefficients can be used in the following equation to predict the probability that the box office of a movie is ranked at a certain tier.
This logistic regression model is called a cumulative link model [14] , [15] .
By logistic regression, we can get the probability of a movie's box office in each rank. These probabilities are used as the BPA m (A) of evidence theory. Nevertheless, m(∼ A) = 0 will always hold because we have no evidence to indicate that a movie's box office should NOT be ranked in a certain tier. Thus, we have the BPA of uncertainty, i.e., m({A, ∼ A}) = 1 − m(A). It is easy to verify that the belief function is equal to the mass function in this case, that is:
and the plausibility function is:
It should be noted that this is NOT the general case. We obtain the above equations because we only have the pure positive evidence.
B. FRAUD RISK FACTOR AND SCORING
As aforementioned, it is hard to obtain negative evidence of box-office fraud from public sources. Hence, we have to use the pure positive evidence to evaluate the fraud risk. We use Risk Factor (RF) as the measurement.
Definition 5: Risk Factor (RF). Let R r be the real rank of the box office of a movie, R p be one of the predicting ranks of the box office, and P r and P p be the belief values, respectively. The Risk Factor is defined as follows:
The score of the fraud risk of a movie (SRF) is defined as:
where n is the number of movies in the ranking list in a year.
C. COLLECTION OF EVIDENCE DATA
We collected the raw data of the box office of China movies via a web crawler programmed using Python. The basic data of movies, such as the box-office rank, the movie name, the cast, the genre, and the director, are collected from ChinaBoxOffice 1 . The data regarding the top 25 movies with the most revenue each year since 2008 can be retrieved from this website. We collected the data from 2008 to 2016 as the training data set.
The online ratings of movies are also collected. There are many online-rating websites in China. We chose Douban 2 as the ratings resource because it is one of the most popular online-rating websites with a good reputation in China. We collected the ratings of movies in the training data set.
The popularity of actors and directors is also considered in this work. In contrast to the online rating, there is no authentic or authorized resource to provide the popularity of celebrities of the motion picture industry in China. Hence, we collected the popularity of celebrities from IMDb 3 , a world-famous movie information website with a good reputation that calculates the popularity of celebrities in the motion picture industry and ranks them by proprietary algorithms based on the actual behavior of millions of IMDb users. We collected the ranking list of the celebrities including 105550 names from IMDb.
D. PROCEDURE OF RISK ASSESSMENT
We used three different ordered logistic regression models to calculate the BPA of different pieces of evidence. We named the three models as follows: 'rating-based model,' 'actorbased model' and 'director-based model.'
1) RATING-BASED MODEL
The sources of evidence of this model are ChinaBoxOffice and Douban. The dependent variable is the rank of a movie. The independent variables are the screening year and rating scores. As aforementioned, the performance of the box office changes from year to year. Hence, the screening year of a movie will always be an independent variable in all regression models.
2) ACTOR-BASED MODEL
ChinaBoxOffice and IMDb are sources of evidence of this model. Each movie belongs to several genres. There are a total of 18 movie genres in ChinaBoxOffice. We use 18 binary independent variables in the regression model that correspond to the movie genres. If a binary independent variable is equal to 1, it means that the movie belongs to the corresponding genre. Otherwise, the value of the binary variable should be 0. The screening year is also an independent variable. The other independent variable is the aggregated value of the ranks of actors. Intuitively, a movie with a popular cast is expected to have a good performance at the box office. However, this assumption is not always true because some popular stars may bring a negative impact at the box office. The popularity of a cast depends not only on a single superstar but also on the number of stars in the cast. Hence, a measurement of the popularity of a cast should be able to aggregate the popularity of all stars in the cast. To aggregate the popularity, there are two problems to be addressed.
One problem is the contradiction between the rank value and the number of stars. On the one hand, the lower the rank value, the more popular the star is. On the other hand, the greater the number of stars, the more popular the movie is. In short, the ''lower is better'' and ''greater is better'' phenomena are contradictory.
The other problem is the large difference in ranks of the ranking list. IMDb is an English website for which the majority of visitors are not Chinese. Hence, the rank of a movie star in this list may not reveal the real popularity in China's movie market. For example, Jackie Chan is one of the most famous movie stars in China. His rank is 345 in this ranking list, while many movie stars whose ranks are ahead of his are not familiar to the Chinese audience. Andy Lau is another movie star who is as popular as Jackie Chan in China. His rank is 3441. The impact of this bias might be partly neutralized because we omitted the bias in the nationality of movies. In fact, Hollywood movies are more popular with Chinese audiences, especially with young audiences who are the main target audience of the movie market in China. Nevertheless, we still have to shorten the distance of the ranks of movie stars because the difference between the ranks of two stars may be too large. For example, the difference between the ranks of Jackie Chan and Andy Lau is 3096, which does not reflect their real popularity degrees in China.
To address these two problems, we normalized the rank value as follows:
where r is the real rank of a movie star in the popularity ranking list. By normalization, the rank value is projected to the interval between 0 and 1. A larger r * means that the real rank is higher. It can be added together with other normalized rank values to measure the popularity of a group of movie stars. The distance between the ranks is shortened at the same time. For example, the normalized rank value of Jackie Chan is 0.997, while that of Andy Lau is 0.967. After normalizing, we can aggregate these popularity ranks of movie stars simply by adding the rank values together.
where IR is the aggregated popularity rank of a movie and n is the number of movie stars in the cast of the movie.
3) DIRECTOR-BASED MODEL
This model is analogous to the actor-based model except that the ranks of popularity of directors are used in this model instead of the ranks of actors.
E. CREDIBILITY OF TRAINING DATA
As aforementioned, we collected data for over 200 movies, which are used as the training data in the regression model. Some data involved in the training data do not reflect the real relationship between the independent variable and dependent variable. These dirty data are caused by the fraudulent behaviors of movie distributors. It can be reasonably assumed that these dirty data would not lead to an incorrect regression result due to the limited amount of dirty data compared to the amount of normal data. In other words, box-office fraud should be a rare incident. Hence, the training data is credible under this assumption.
F. RESULTS OF REGRESSION
We used the language R [25] , [26] to fit the three ordered logistic regression models. The results are shown in Tables 1, 2 , and 3. In this work, we took 0.05 as the cut-off of statistical significance.
The coefficients of the regression model are listed in these tables, and the significance between the independent variable and dependent variable is marked by one to three asterisks besides the coefficients. For example, as shown in Table 1 , X1 or X2 are statistically significant because their p-values are less than 0.01.
In Table 1 , X1 represents the rating score of a movie, and X2 represents the screening year of a movie.
In Tables 2 and 3 , X1 through X18 represent the genres of movies, which are binary variables. X19 represents the screening year of a movie. In Table 2 , X20 represents the aggregated popularity rank of directors. In Table 3 , X20 represents the aggregated popularity rank of actors.
Case 1: There were some reports that revealed the fraud scandal for the film 'Monster Hunt' in 2015 4 5 , which was the Chinese box-office champion of all the time until 2015. In the same year, 'Lost in Hong Kong' was also suspected of having its box-office figures inflated 5 6 .
In Tables 4, 5 , and 6, the box-office ranking likelihood of Monster Hunt as calculated by regression models is listed, which is used as the BPA in the evidence model. For example, in Table 4 , the likelihood of the box-office take of Monster Hunt being ranked at first place is 0.035406 according to the rating-based regression model. This likelihood is smaller than the average likelihood of 0.04 (there are 25 possible ranks, and the total likelihood of ranks should be 1). Alternately, the corresponding likelihood according to the actor-based model in Table 6 is 0.060289. We use the aforementioned mixing combination rule to aggregate the BPA of different models. The weight value is assigned according to the significance of the major evidence of different regression models. The major evidence in the rating-based model, director-based model and actor-based model is the rating of a movie, popularity of the director of a movie and popularity of the actors of a movie, respectively. Because the significance of the ratings of movies (p-value <0.01) is greater than the other two (p-value<0.05), we set the weight of BPA of the rating-based model as 0.5 and that of the other two as 0.25.
The combined BPAs of 'Monster Hunt', 'Lost In Hong Kong' and 'Fast & Furious 7' are shown in Fig.2 . These three movies are the top three movies in the box-office ranking list in 2015 in China. The curves of 'Monster Hunt' and 'Fast & Furious 7' are almost overlapped with an increasingly descending trend. This trend means the movies are more likely to achieve good performance in box-office, i.e., their names have more probabilities to appear at the high places of ranking list of yearly box-office. On the other side, the curve of 'Lost In Hong Kong' ascends at first and then drops dramatically at the point that rank is 21. This trend means 'Lost In Hong Kong' is more likely to be ranked at the low place of ranking list from the perspective of combined BPA.
The SRF of each movie in 2015 is shown in Fig. 3 via the data bar. Several movies' names are labeled above the corresponding bars. In spite of the negative reports, 'Monster Hunt' does not show a high fraud risk compared to the other movies in the same year. Actually, according to the reports 4 : ''6 million dollars' worth of its 370 million box office total actually came from the pockets of the producers,'' and thus the inflated box office is only 1.6% of the total box office of 'Monster Hunt,' which is too small to influence its box-office rank. The production company also claimed that the additional box office was from ''public-welfare activity.'' Hence, the box-office championship of 'Monster Hunt' in 2015 was basically achieved in a normal manner. Alternately, 'Lost in Hong Kong' was correlated with the highest fraud risk compared to the other movies in 2015 from the perspective of SRF. 'Lost in Hong Kong' is the only movie in 2015 for which the SRF is over 0.5. There are two other movies for which the SRF is over 0.4. One of them is 'MojinThe Lost Legend.' Its box-office take is ranked in the 7th tier in 2015. It is derived from a famous web serial fiction 'Candle in the Tomb.' 'Chronicles of the Ghostly Tribe' ranked in the 16th tier and was also created based on part of this fiction. This type of web fiction has a large number of readers, and hence motion pictures on topics related to the fiction may benefit at the box office from the popularity of the fiction. The relation between the script of a movie and the box office is not included in our model because the information regarding the script is seldom included on the movie websites.
The other movie for which the SRF is over 0.4 is 'Monkey King: Hero is Back.' It is a cartoon film, and its box-office take is ranked in the 10th tier in 2015. This movie received a lot of positive word-of-mouth during its period of hitting theaters because it successfully recreated the traditional Chinese hero role in a different manner. The culture-related incentive to the box office is also omitted in our regression model because it is hard to take the cultural background of a movie into account.
Case 2: Many accusations were raised around the boxoffice take of 'Ip Man 3' in 2016 7 . China Daily published a detailed record on the abnormal screenings of 'Ip Man 3' in a weekend. This report was widely spread by many news media all over the world. The distributor, Shanghai Kuailu Investment Group, denied the accusations. However, the distributor was still punished after the film authority office launched an investigation. This event was still treated as a typical case of box-office fraud in China.
As shown in Fig. 4 , 'Ip Man 3' is only ranked at the 3rd level from the perspective of SRF. The movie with the largest SRF is 'Time Raiders,' a movie derived from 'The Graver Robbers' Chronicles,' which is a popular web serial fiction, similar to 'Candle in the Tomb.' The movie with the second largest SRF is 'The Man From Macau 3.' This is a series movie with many movie stars in the cast. Its online ratings are very low in contrast to its popular cast. As shown in Fig. 3 , 'The Man From Macau 2' in 2015 is also correlated with a large SRF. The SRF is not friendly to this type of movie with a popular cast but very low ratings because we assigned a larger weight to online ratings in our evidence combination rule. The other two movies, 'The Monkey King 2' and 'The Great Wall,' are the same type of movies as 'The Man From Macau.' Although the box-office take of 'Ip Man 3' is only ranked at the 17th tier in 2016, its SRF is still large. As shown in Fig. 5 , compared to the first two movies in the series, 'Ip Man 3' shows a larger fraud risk from the perspective of SRF. 
V. CONCLUSION
Box-office fraud will hurt the movie market in China. Appropriate computational intelligence-based fraud risk assessment would be an effective complementary method to improve the efficiency of auditing and supervising. A lightweight fraud risk assessment is put forward in this paper to aggregate evidence from independent sources to prioritize exceptions in the box office of China. Publicly available data from different websites, including Web 2.0 websites, are used in the assessment. An evidence theory-based framework is established for a convenient iterative assessment procedure. Ordered logistic regression is used to calculate the basic probability assignment for different evidence. A risk factor and score of fraud risk are put forward for exception prioritization of the box office. Events from real cases are studied using the proposed method. The study results have shown that the proposed method is efficient in fraud risk assessment of the box office.
